Shanghai, as one of the megacities and economic centers of China, is facing critical water quality challenges. This study analyzed the impact of urbanization on the water quality in Shanghai, from 2007 to 2015, using remote sensing (RS) and geographic information system (GIS) techniques. Five measurements of water quality were employed: total discharged wastewater volume, general water quality levels, dissolved oxygen (DO), permanganate, and ammonia nitrogen. The impacts of urban land-use changes on water quality were examined. An urban index was extracted from satellite image classification and was used to quantify the anthropogenic activities. In the watershed level, unit watersheds were delineated from topography and stream segments. Results showed that the primary contributors of water quality degradation in Shanghai were DO and ammonia nitrogen. Both indicators expressed clear seasonal patterns that can be explained by agricultural activities and urbanization processes in Shanghai during the study period. Water quality was also regulated through water use policies. For example, the degraded water quality in suburban outskirts and improved water quality was achieved through the enforced wastewater discharge regulations in central Shanghai. Analytical findings provide spatially explicit information for governmental management on protecting water resources and controlling wastewater emissions, thus, improving the quality of living environments in this ever-growing megacity.
Introduction
Water is the most vital living prerequisite for mankind. China has been pressured by an enormous population, limited water resources [1, 2] , and water contamination issues [3, 4] . Water pollution, especially, has attracted increasing attention since the 1990s [5] alongside China's rapid economic development and urbanization process [6] . Shanghai, located downstream of the Yangtze River, is one of the economic centers and megacities of China. Shanghai has a remarkable population density and has been experiencing rapid social-economic development. The urbanization process in Shanghai accelerated since Chinese economic reform was initiated in 1978 [7, 8] . Municipal sewage started to contribute significantly to the water environment and ecosystems, along with land development [9, 10] . The geographical location of Shanghai potentially helps in accumulating more pollutants [7] [8] [9] [10] [11] [12] . Meanwhile, Shanghai has the highest greenery coverage among all the cities in China, benefitting from the substantial amount of water volume [13] . The vegetation coverage, i.e., parks, forests, and grasslands, could improve surface and ground water quality [3, 14] .
Intensive studies of water pollution have been conducted using in situ sampling in water bodies [9, 11, 12] . Water samples were used to measure water quality indicators such as temperature, pH, and turbidity through physical-chemical experiments. Studies have identified various point-and non-point sources of water 
Data
The data utilized in this study include the RS, GIS, and wastewater discharge data. The RS data were obtained from the U.S. Geological Survey data (USGS) Data Clearinghouse [37] , including Landsat 5 TM acquired on 28 July 2007, Landsat 8 OLI acquired on 16 August 2015, and the digital elevation model (DEM) data with 30-m resolution. The high-resolution Google Earth Image served as a ground reference for the accuracy assessment of image classifications. A total of 250 random points were generated to collect land cover types on Google Earth and served as ground truth points. The GIS layers such as city boundaries and rivers were downloaded from the China Data Center [38] .
The wastewater discharge data were released by the Shanghai Municipal Ocean Bureau, which contained five indicators of water quality, including the total wastewater discharge volume, general water quality (GWQ) level (from 1 to 6, with 1 representing the worst quality), dissolved oxygen (DO, mg/L), ammonia nitrogen (mg/L), and permanganate index (mg/L). According to the China Quality Standard for Ground Water (GB3838-2002) (enacted by the Ministry of Environmental Protection and the General Administration of Quality Supervision, Inspection, and Quarantine of the People's Republic of China), surface water can be categorized into six levels [30, 39] . For instance, Class I water quality (GWQ = 6) indicates that the water quality is excellent. The groundwater needs only to be disinfected and the surface water can be used for drinking by simple purification methods (such as filtration) and disinfection. Class V water quality (GWQ = 2) means it is applicable for agricultural areas and for landscape display. If the water bodies are categorized to a class lower than Class V, they are basically not functional (GWQ 1). Detailed national standards were provided in Table 1 . Based on government regulations, DO is measured by the iodometric method or the electrochemical probe method; ammonia nitrogen is examined using Nessler's reagent colorimetry or salicylic acid spectrophotometry; and permanganate index is calculated with potassium permanganate, sulfuric acid, and sodium oxalate. According to the literature, a positive 
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Methodology
A combined unsupervised and supervised (support vector machine) hybrid classification was performed. Seven classes were extracted: water; forest; bare soil; agriculture land; and low, medium, and high urban areas. For accuracy assessments, an error matrix was built to evaluate the classification results. Three parameters were employed: overall accuracy, commission/omission errors, and the Kappa coefficient. The overall accuracy indicates the percentage that total pixels in the image were correctly classified. The Kappa coefficient is a discrete multivariate indicator for classification accuracy. The commission error of a class signifies overestimation (pixels that belong to another type but are assigned to the given class). Omission error is the opposite of commission error; it indicates pixels that belong to a given land type but are not correctly classified to it. Finally, land use changes were extracted from the classified satellite images in 2007 and 2015.
Considering the complex water system in Shanghai, unit watersheds were extracted from DEM data and delimited to the study area. Shanghai is located on the Yangzi River Delta and is topographically flat, with an average elevation of 4 meters above sea level. A few watersheds close to the land-sea boundary could not be automatically created and were manually delineated from topographical data. Based on the literature about both He et al. [29] and Yin et al.'s [7] models, urban area classification could be considered as a binary division, which recognizes the spatial variances among subareas but neglects the difference within the same LULC type. Applying the approach developed by Li et al. [14] , the urbanization index (I URB ) in each unit watershed was calculated to quantify the influences of urban land use change. It is calculated as [14] 
where i represents the area of a specific class in the unit watershed, j indicates the weight score of that class's influence on an urban area, and t is the area of the unit watershed. (1) is scored according to its anthropogenic influences on the environment. For example, a high-density urban area was scored as 3, a medium-density urban area was scored as 2, and a low-density urban area was scored as 1, respectively. Agriculture carried an urban score of 0.5, considering the human alterations involved. Human impacts to other classes such as water, forest, and bare land are limited and, therefore, their scores were assigned as 0.
The weight of a land cover/use class in Equation
The relationships between the I URB and the five water quality measurements (i.e., GWQ, DO, ammonia nitrogen, permanganate index, and total wastewater discharge volume) were examined via correlation analysis. Considering that the water quality data are point level with the spatially referenced location, it was possible to locate the exact pixel correlating the water data point with the I URB calculated. The potential impacts of land-use changes on water quality dynamics were finally modeled in a simple linear regression method
where the dependent variable, WQ, represents a water quality indicator; a is the coefficient of the relationship; and b is a constant number as the intercept of the regression. With Equation (2), the spatial patterns of water quality were mapped for each indicator against the backdrop of the urbanization process between 2007 and 2015. With the I URB as a stepping-stone, water quality was analyzed using five indicators. Seasonal and trend analysis were performed for every station. The overall spatial patterns were displayed using observed records, monthly average, and annual average data.
Results and Discussion

Classification and Urban Area Changes
With the hybrid classification and the 250 randomly collected ground truthing points from Google Earth imagery, the overall classification accuracies were 94% and 92% for 2007 and 2015, respectively (Tables 2 and 3) . For urban land, specifically, the three urban classes (i.e., the low-, medium-, and high-density urban areas) presented 81-100% and 81-96% producer's accuracy and 92-100% and 86-98% user's accuracy, respectively, in two years. Their relatively high commission and omission errors may come from the misclassification of their commonly observed mixed pixels and the subjective definitions of the three classes. Figure 2A shows the classification results of Shanghai. 2007 was the year chosen to display the initial status of the land cover types of Shanghai in the research period. Highly urbanized area concentrate along the Huangpu River and urban development radiates along central business districts (CBDs such as Huangpu, Xuhui, and Jingan). Vegetation areas (including agriculture land, lawn, gardens, etc.) were mainly found in Chongming Island, Jinshan District, and Qingpu District. The change detection analysis focused on changes in urban areas, which provided better insights into the expansion of the urban areas in Shanghai from 2007 to 2015. The red areas in Figure 2B are the newly developed areas in this period. Shanghai's urban core in the north of the study area had been well developed prior to 2007. Therefore, no changes were detected, and this is shown in the color gray. In the future, advanced classification approaches will be investigated to improve accuracy, especially the identification of low and medium density urban pixels to better quantify the urban-related land use changes in the study area. Figure 2B are the newly developed areas in this period. Shanghai's urban core in the north of the study area had been well developed prior to 2007. Therefore, no changes were detected, and this is shown in the color gray. In the future, advanced classification approaches will be investigated to improve accuracy, especially the identification of low and medium density urban pixels to better quantify the urban-related land use changes in the study area. 
Urban Index
A total of 489 unit watersheds were delineated in Shanghai. The IURB for each unit was calculated for both years. As expected, the IURB corresponded quite well with land use and cover patterns of Shanghai. High urban index values existed in the central and north area, and low values appeared in the Chongming Island and southwest of the city ( Figure 3A) . Changes in urban and vegetation areas could be observed through the changes of the IURB. Specifically, vegetation coverage increased in the west of Chongming Island and the west and the north of mainland Shanghai, while urbanization increased in east Shanghai during the study period ( Figure 3B ). 
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Water Quality Patterns and Urbanization Impacts
A total of 10 correlation analyses were conducted in this study between the 8640 data records of the five water indicators (i.e., total wastewater, GWQ, DO, ammonia nitrogen, and Permanganate index) with IURB for 2007 and 2015, respectively. All correlations were significant at a confidence level of 0.05, except for GWQ and the permanganate index in 2007. The total wastewater volume in both years was not significantly related to the IURB and, therefore, was not included in this study. The Pearson's r values ranged from 0.26 to 0.53. Though we tried to recognize the general spatial variance of urbanization processes among the unit watersheds and the local differences within the unit watersheds by giving the weight for each LULC type at the pixel level, the correlation analysis results can be affected by human error introduced during the classification process. Figure 4 displays the scatterplots (a total of six) with significant relationships in each year. Results showed that higher IURB values (namely, a greater urban area) were associated with a decrease in DO, an increase in ammonia nitrogen and the permanganate index and, in general, poor water quality. Similar patterns were identified in 2007 and 2015 with the same indicators: DO and ammonia nitrogen. Also, the absolute values of DO (higher) and ammonia nitrogen (lower) in 2015 showed that there was better water quality compared to 2007. 
A B
Water Quality Patterns and Urbanization Impacts
A total of 10 correlation analyses were conducted in this study between the 8640 data records of the five water indicators (i.e., total wastewater, GWQ, DO, ammonia nitrogen, and Permanganate index) with I URB for 2007 and 2015, respectively. All correlations were significant at a confidence level of 0.05, except for GWQ and the permanganate index in 2007. The total wastewater volume in both years was not significantly related to the I URB and, therefore, was not included in this study. The Pearson's r values ranged from 0.26 to 0.53. Though we tried to recognize the general spatial variance of urbanization processes among the unit watersheds and the local differences within the unit watersheds by giving the weight for each LULC type at the pixel level, the correlation analysis results can be affected by human error introduced during the classification process. Figure 4 displays the scatterplots (a total of six) with significant relationships in each year. Results showed that higher I URB values (namely, a greater urban area) were associated with a decrease in DO, an increase in ammonia nitrogen and the permanganate index and, in general, poor water quality. Similar patterns were identified in 2007 and 2015 with the same indicators: DO and ammonia nitrogen. Also, the absolute values of DO (higher) and ammonia nitrogen (lower) in 2015 showed that there was better water quality compared to 2007. 
A total of 10 correlation analyses were conducted in this study between the 8640 data records of the five water indicators (i.e., total wastewater, GWQ, DO, ammonia nitrogen, and Permanganate index) with IURB for 2007 and 2015, respectively. All correlations were significant at a confidence level of 0.05, except for GWQ and the permanganate index in 2007. The total wastewater volume in both years was not significantly related to the IURB and, therefore, was not included in this study. The Pearson's r values ranged from 0.26 to 0.53. Though we tried to recognize the general spatial variance of urbanization processes among the unit watersheds and the local differences within the unit watersheds by giving the weight for each LULC type at the pixel level, the correlation analysis results can be affected by human error introduced during the classification process. Figure 4 displays the scatterplots (a total of six) with significant relationships in each year. Results showed that higher IURB values (namely, a greater urban area) were associated with a decrease in DO, an increase in ammonia nitrogen and the permanganate index and, in general, poor water quality. Similar patterns were identified in 2007 and 2015 with the same indicators: DO and ammonia nitrogen. Also, the absolute values of DO (higher) and ammonia nitrogen (lower) in 2015 showed that there was better water quality compared to 2007. Seasonal variations of the four water quality indicators in Table 4 were analyzed from January to December (monthly records averaged) in each year from 2007 to 2015. Results showed quite strong seasonal trends throughout the research period ( Figure 5 ). Specifically, the DO concentrations in water decreased with increasing temperature, as confirmed by the lowest DO concentrations in July and August ( Figure 5A ). DO is considered the most crucial factor to water quality and aquatic organisms [43] and, therefore, is a crucial condition for fisheries. DO values ranging between 4 to 15 mg/L is ideal for surface water fish. Abnormally low or high DO concentrations result in fish mortality or gas bubble disease [44, 45] . One peak (in March) and one trough (in September) were found in the ammonia nitrogen seasonal trend ( Figure 5B ). This pattern can be explained by the agricultural activity and urbanization process in Shanghai. The profile of ammonia nitrogen did not follow the exact conclusion from Xie et al.'s study that the level of ammonia nitrogen is lowest during the winter season [41] . However, ammonia nitrogen can be introduced into water systems through animal feces, sewage waste, fossil fuel consumption, and (especially) fertilizers [41, 46] . Large amounts of fossil fuel are burnt during the winter seasons (December, January, and February) in urban area of Shanghai. The emissions enter the water system through precipitation in spring. Nitrogen is an important nutrient and it consumes oxygen in water bodies [41, 47] . Seasonal variations of the four water quality indicators in Table 4 were analyzed from January to December (monthly records averaged) in each year from 2007 to 2015. Results showed quite strong seasonal trends throughout the research period ( Figure 5 ). Specifically, the DO concentrations in water decreased with increasing temperature, as confirmed by the lowest DO concentrations in July and August ( Figure 5A ). DO is considered the most crucial factor to water quality and aquatic organisms [43] and, therefore, is a crucial condition for fisheries. DO values ranging between 4 to 15 mg/L is ideal for surface water fish. Abnormally low or high DO concentrations result in fish mortality or gas bubble disease [44, 45] . One peak (in March) and one trough (in September) were found in the ammonia nitrogen seasonal trend ( Figure 5B ). This pattern can be explained by the agricultural activity and urbanization process in Shanghai. The profile of ammonia nitrogen did not follow the exact conclusion from Xie et al.'s study that the level of ammonia nitrogen is lowest during the winter season [41] . However, ammonia nitrogen can be introduced into water systems through animal feces, sewage waste, fossil fuel consumption, and (especially) fertilizers [41, 46] . Large amounts of fossil fuel are burnt during the winter seasons (December, January, and February) in urban area of Shanghai. The emissions enter the water system through precipitation in spring. Nitrogen is an important nutrient and it consumes oxygen in water bodies [41, 47] . Two peaks and two troughs were identified from the GWQ trajectory ( Figure 5C ). The first peak emerged in March when the agricultural practices started; the second peak arose in July, with the extensive usage of water by citizens during the hottest time of the year. Permanganate (i.e., the permanganate index) is commonly used as an oxidant for controlling the taste of water and clarifying water bodies [48] . It is usually measured through chemical oxygen demand (COD) and applied as an evaluation of water pollution from organic and inorganic oxide materials. It showed a more complex trend in Figure 5D . From March to August, the permanganate index remained at a consistently high level throughout the year, although it was relatively lower between September and February. The permanganate index is a vital indicator for sewage and surface water quality [48] . The months of March to August are relatively warm in Shanghai, and more frequent anthropogenic activities intensified the permanganate index level. Water temperatures also influence permanganate index concentrations in water systems. Two peaks and two troughs were identified from the GWQ trajectory ( Figure 5C ). The first peak emerged in March when the agricultural practices started; the second peak arose in July, with the extensive usage of water by citizens during the hottest time of the year. Permanganate (i.e., the permanganate index) is commonly used as an oxidant for controlling the taste of water and clarifying water bodies [48] . It is usually measured through chemical oxygen demand (COD) and applied as an evaluation of water pollution from organic and inorganic oxide materials. It showed a more complex trend in Figure 5D . From March to August, the permanganate index remained at a consistently high level throughout the year, although it was relatively lower between September and February. The permanganate index is a vital indicator for sewage and surface water quality [48] . The months of March to August are relatively warm in Shanghai, and more frequent anthropogenic activities intensified the permanganate index level. Water temperatures also influence permanganate index concentrations in water systems. Using the regression models established in Figure 5 , the simulated distributions of the four water quality indicators in 2015 are mapped in Figure 6 . The GWQ ( Figure 6A ), permanganate ( Figure 6B ), and ammonia nitrogen ( Figure 6C ) levels showed similar spatial patterns while that of DO was the opposite ( Figure 6D ). In general, water quality is lower in the urbanized area, especially in the CBDs. The Jinshan and Chongming areas maintain a relatively better water quality. Poor water quality can suppress the dissolved oxygen content. Thus, a large amount of permanganate is often applied to treat water. Urban sewage can carry a considerable volume of ammonia nitrogen. Using the regression models established in Figure 5 , the simulated distributions of the four water quality indicators in 2015 are mapped in Figure 6 . The GWQ ( Figure 6A ), permanganate ( Figure 6B ), and ammonia nitrogen ( Figure 6C ) levels showed similar spatial patterns while that of DO was the opposite ( Figure 6D ). In general, water quality is lower in the urbanized area, especially in the CBDs. The Jinshan and Chongming areas maintain a relatively better water quality. Poor water quality can suppress the dissolved oxygen content. Thus, a large amount of permanganate is often applied to treat water. Urban sewage can carry a considerable volume of ammonia nitrogen. Temporal changes of water quality were extracted to further investigate the relationships between water quality and the urbanization processes in Shanghai. Only DO and ammonia nitrogen were compared between 2007 and 2015 because they were significantly related to urban index in both years (Figure 7) , while the GWQ and permanganate index were not significant in 2007 (Table 4 ). In Kannel et al.'s research [49] , DO by itself showed very promising applications in explaining water quality classification (93%) compared to a more complex water quality index (90% for the combination of temperature, DO, pH, electrical conductivity, and total suspended solids). The official records have shown that the overall water quality in Shanghai was slightly improved from 2007 to 2015, which may be attributed to strict environmental regulations from the government after the 2010 Shanghai EXPO [50] . In our study, two major clusters (one improving and the other degrading) were identified in both maps ( Figure 7A,B ). DO and ammonia nitrogen showed the opposite trend around the same areas. When combining the urbanization map (also shown in Figure 3B ), new towns (i.e., Xinchengzhen) emerged in the southeast area of Shanghai from 2007 to 2015, and the local water quality degraded (i.e., DO decreased and ammonia nitrogen increased) in these areas. Water degradation was not recognized (in grey) in other areas of Shanghai, even where urbanization was recognized (in red). Results indicated improvement in the water quality around the north central area (i.e., CBDs and other well developed urban areas), where no new urban areas emerged. With respect to the EXPO event hosted in this region (Xuhui, Pudong, Hongkou districts, etc. located along the Huangpu River), the environment was significantly enhanced with urban greening policies and the Clean Water Act. As mentioned in Yin et al.'s discussion, more wastewater treatment plants would be continuously installed in Shanghai until 2020 [7] . Li et al. demonstrated the successful performance of a two-year water quality treatment applied in central areas of Shanghai, especially with regards to DO and ammonia nitrogen content [51] . Seasonal ( Figure 5 ) and trend (Figure 8 ) analysis were performed for every station and then overall spatial patterns from observed records, monthly average, and annual average data were displayed. After analyzing all water records from every station during the study period, we also overlaid the cluster maps with water quality monitor stations on the administrative division map (Figure 8 ). Green dashed lines indicate the severely polluted surface water content level, according to China environmental quality standards (Table 1) . Three districts-the central area (Hongkou, Jingan, Xuhui, etc.), Qingpu, and Songjiang-showed an increasing trend of water quality with regards to DO (i.e., slightly increasing) and ammonia nitrogen (i.e., decreasing) values. This pattern matches the low/no urban development and adequate water quality management during the study period [30] . Meanwhile, stations within the Pudong New Area showed the degradation of water quality (ammonia nitrogen, particularly) alongside the urbanization process. Urbanization accelerates the degradation of water quality, while strict environmental management has effectively inhibited the deterioration of water quality, even improving it [7, 10, 29, 30, 51] . 
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Conclusions
This study employed a water quality regression model based on sampled water quality variables and the satellite-extracted urban land use change of Shanghai, China from 2007 to 2015. This model was used to explore the impacts of urbanization on the water quality of this megacity. The results revealed that water quality was affected by the urbanization process and water use policy. Degraded water quality was observed in suburban outskirts due to intensified land development. Improved water quality can be credited to the enforced wastewater discharge regulations in the CBDs of Shanghai, for example, during a global event (EXPO) in this study period. Water quality changes with urbanization processes are mapped across the study area, and poor water quality areas deserve higher attention from local authorities. The trajectory of city development is always surprisingly similar: compromising the environment for more significant economic growth. Shanghai is no exception. The local authority from the Pudong New Area should learn from the central areas about water quality management. This study indicates that, while the point collection of pollution data is usually incapable of comprehensive water quality analysis, its 
This study employed a water quality regression model based on sampled water quality variables and the satellite-extracted urban land use change of Shanghai, China from 2007 to 2015. This model was used to explore the impacts of urbanization on the water quality of this megacity. The results revealed that water quality was affected by the urbanization process and water use policy. Degraded water quality was observed in suburban outskirts due to intensified land development. Improved water quality can be credited to the enforced wastewater discharge regulations in the CBDs of Shanghai, for example, during a global event (EXPO) in this study period. Water quality changes with urbanization processes are mapped across the study area, and poor water quality areas deserve higher attention from local authorities. The trajectory of city development is always surprisingly similar: compromising the environment for more significant economic growth. Shanghai is no exception. The local authority from the Pudong New Area should learn from the central areas about water quality management. This study indicates that, while the point collection of pollution data is usually incapable of comprehensive water quality analysis, its integration with satellite imagery improves the spatial representations across a large city at a watershed level. Though urbanization processes could be represented by population density, GDP, build-up surface, etc., previous literature have demonstrated the issues of using these representors [31] . Five water indicators were applied considering the sensitivity and limited accessibility of water quality data. Given the convenience of using RS and GIS to preform to real-time monitoring LULC changes, with its higher resolution of satellite images, there could be an increase in the accuracy and feasibility of applying the methods in the study to water quality management and an improvement in the immediate response to abnormal environmental changes. For the future, the SWAT model can be adopted if more data is available. This study contributes to the literature of water quality in urban environments from a spatial perspective. While urbanization is accelerating globally, approaches developed in this study could be applied to investigate long-term urbanization effects on water quality at various spatial scales. When a more detailed wastewater data set becomes available, waterborne disease data could be further examined to investigate the health outcomes of urbanization with water quality degradation. 
